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1. The model

1.1 The model without vaccination

We developed a dynamic model for age-stratified RSV infection progression and transmission in four states
in the United States. Our model is a modified Susceptible-Infected-Recovered-Infected (SIRI)
compartmental framework (1), whereby the population is stratified into health-related compartments, and
transitions between the compartments occurs over time (Main text, Fig. 1; Fig. S1). To model age-
dependent transmission, we stratified the population into n = 8 age groups: 0-5 months, 6—11 months, 1
year, 2—4 years, 5-24 years, 25-49 years, 50-64 years, and >65 years. Consistent with immunological
observations (2, 3), and as in previous transmission models (4-7), we assumed individuals to be born with
temporary protection conferred by maternal antibodies. Lifelong partial immunity is built up following the
first infection, leading to 1) a lower susceptibility to infection (8), and 2) a lower viral load and severity in
case of subsequent infection, which can be very mild or asymptomatic (9, 10) (see also, SI Appendix 2.1
Dataset and Parameters). With respect to subsequent infections, there is no evidence for immunity beyond
that conferred by the partial immunity of a first infection. Protective short-term immunity following
infection, however, has been observed (11).

Accordingly, we stratified the population into five health related compartments: maternally immune M;(t),
susceptible Sy ;(t), symptomatic infectious Iy ;(t), asymptomatic infectious A;(t), and recovered R;(t),
such that at any given time ¢ (in days):

Ty (M) + BEoy (S (0 + Ly (8) + 40 + Ry(0)] = 1, M

where the index j € {1,2,..n} represents the age group of each individual, and the index k € {1,2} specifies
the ordinality of the infection (i.e. first, or subsequent infection).

Model transitioning

Individuals are born at a birth rate A into compartment M;_,, during which they are temporarily protected
by maternal immunity for 1/wy, days (See Table S1). After this initial stage, they transition into the first
susceptible compartment Sy _; ;, where they can become infected with a force of infection 4;, depending on
their age group j. Infected individuals remain in the infectious compartment [j.—, ; for ¢4 days and can
infect their contacts based on their daily viral load and daily contact behavior (Fig. 1b and SI Appendix 2.1
Data set and parameters). Following recovery, individuals transition into the second susceptible
compartment Sy—, ;, where their susceptibility oj, is age-dependent. While asymptomatic RSV infection
has not been detected in children below five years, RSV can be asymptomatic in adults (12). Thus, in
individuals five years and over, we assumed infections after the first to be asymptomatic with probability
a. In the case of asymptomatic infection, contact mixing is unaffected, but transmission is lower than during
symptomatic infection due to a lower viral load (Main text, Fig. 1b and SI Appendix, 2.1 Data set and
parameters).

To incorporate the evolution of infectiousness during infection, we explicitly track the number of

symptomatic and asymptomatic infected individuals (ig, j ,aTj), respectively, with regard to their day of

infection, 7. Hence, I ; = PRLR ig,j and A; = Y ok=2 a;. Demographically, individuals in age group j

transition within their compartment to age group j + 1 at rate d;, and die at a rate uj, such that the total
population and age-structure remain constant. In the US, death due to RSV is uncommon relative to the
overall death rate. Therefore, its effect on transmission is negligible, and is not explicitly included in our
model. Thus, with no vaccination, the transmission model is composed of the following system of
difference equations:



Sk=1,j(®) = Sk=1,j(t = 1) = dj_1Sk=1,j-1 (&t — 1) + wyM;(t — 1) — (dj + pj + 4 )Sk=1,;(t — )
1),

Sk=2,j(®) = Sk=z,j(t = 1) = dj_1Si=2,j—1(t — 1) = (dj + uj + Ok=2,jAj )Sk=2,j(t — 1) +

WRRj—l(t - 1)’

Ri(t) = Rj(t = 1) = djy Ry (t = 1) + (1= 1) (7%= (t = 1) + T3, i, 7t — 1)) -

(dj +pj )Rt —1) —wgR;4(t - 1),

with daily numbers of infected individuals:
ifzy () = A;(0)Sk=1,;(t = 1),
if=3,;(®) = (1 — @)0j4;(t)Sk=p,;(t — 1), )
i) = djqi% (6= D+ (1 —d;j — ppig; ' (E = 1),
a0 (t) = agA;(t)Sk=2,j(t — 1),
af*°(t) = ;a7 (t — 1) + (1 —dj — pj)a’  (t - 1).

The term &; ; is the Kronecker delta, such that §; ; equals unity for the first age group, and zero otherwise.
In accordance with our model assumptions, we set:

Mo (t) = Si,0(t) = igo(t) = af(t) =Ro(t) =0V t,k,7. 4)
Force of infection

The rate at which an individual acquires infection at time # is A;(t) for first infection, and g;4;(t) for

subsequent infections. This force of infection for RSV depends on a combination of 1) seasonality, 2)
infectiousness of the infected contact, and 3) susceptibility of individuals.

Peak incidence of RSV typically strikes during the winter in the US (13), yet the driver for this seasonality
remains unclear (7). Thus, we included general seasonal variation in the susceptibility rate of the model

T(t) =T * (1 + cos [% (t — cp)D, (3)

in which I' is the seasonal amplitude, and ¢ is a seasonal offset. This formulation was previously
demonstrated to accurately capture the seasonal variations of RSV incidence by US state (7).

We incorporated age-specific contact patterns between individuals, represented by a data-driven contact
rate between an infected individual in age-group e and each of their susceptible contacts in age-group j,
denoted C, ; (see 2. Data set and Parameters) (14). Symptomatic infection might lead to withdrawal from
social activities, particularly in the days of infection for which viral load is highest (Main text, Fig. 1b).
Thus, we assign the daily probability of withdrawal from social activity, for an individual from age group
J, tobe (). As RSV typically results in mild infection among healthy adults (10), withdrawal from social
activity is less likely in adults, but could occur mainly during the three days surrounding the time of peak
viral load (Main text, Fig. 1B). To incorporate the per-day mixing patterns of those who withdraw from



social interaction while infected, we set the number of contacts from their age group to zero, but assumed
that the number of contacts with people from different age groups is unaffected.

Given a contact with an infected host, the logarithm of the infectious viral load has been shown to be
correlated to the transmissibility of several respiratory viruses, including RSV (15-17). The viral load
depends on both on the immunity that the infected individual acquired from the first exposure k, and also
on whether the infection is symptomatic or asymptomatic (Main text, Fig. 1b). Taken together, the force of
infection A;(t) is given by:

2 Pk n 1
Ai(®) =T(t) [(r“’gwk(ﬂ] —1) ) Coj(1=Yn(@le;)ik () (©6)

Pr=2

£y [(r“’g%@] = 1)) Coj(1= Ya @l )aL 0| |
7=0 e=1 |

where I is the 8 X8 identity matrix. In this formulation, every 10-fold increase in the viral load corresponds
to -fold increase in transmission. The daily viral loads of infected individuals in compartments iy, ;jand a}

are denoted V} (7) and V, (7) respectively.

1.2 The model with vaccination

RSV vaccines under development fall into two categories: replicating or non-replicating candidates. The
latter tends to elicit only a systemic response and not a mucosal response, whereas the former stimulates
both. Recent clinical data that measured immune markers in volunteers experimentally exposed to RSV
(18, 19) demonstrated that both IgA (which mimics response to the live attenuated vaccine) and serum
neutralizing antibodies (which mimics response to the inactivated vaccine) reduced susceptibility to
infection. Depending on the efficacy of the vaccine, a proportion of people vaccinated are transitioned to a
recovered compartment. For the remaining proportion, the immunological status of vaccinated individuals
— those who have been inefficaciously vaccinated - will be unaffected. To ensure individuals will not get
vaccinated more than once in a season, susceptible individuals who were efficaciously vaccinated transition
to an RV, compartment, whereas individuals for whom the vaccine was inefficacious transition to a
compartment which represents the same epidemiological status prior to vaccination, but distinguishes them
as ‘already vaccinated’ in the season (e.g. M to MV and S to SV, Figure S1).

Accordingly, for the model with vaccination, we stratified the population into nine health and vaccine
related compartments: maternally immune M;(t), susceptible Sy ;(t), symptomatic infectious Iy ;(t),

asymptomatic infectious 4;(t), recovered R;(t), in addition to four compatible compartments for those
who were vaccinated, maternally immune MV;(t), susceptible SV ;(t), symptomatic infectious IV ;(t),
and asymptomatic infectious AV;(t), such that at any given time # (in days):

Ty [M () + MV;(0) + TRy (St (6) + SV j(6) + L (8) + IV 5 (6)) + A; () + AV;(6) + Q)
Ri(t) + RV, ()] = 1.

Although there are 16 ongoing clinical trials that target different age groups (20), the duration of protection
for the vaccine remains uncertain. Nevertheless, it is likely that RSV vaccine will be provided annually
given the short-term immunity following RSV infection (11), as well as provisional plans to administer the
RSV vaccine together with the seasonal influenza vaccine (22). Hence, at the end of an RSV season, we
stipulate that all individuals return to the compatible compartment (e.g. transition from MV; to M;, and from

SVy,j to Sy j) (Fig. S1). This transition at the end of each RSV season was obtained by defining a waning



rate, wy (t — 1) with a fairly rapid waning rate at the end of an RSV season, ensuring that the proportion of
individuals in the vaccinated compartments to be negligible before the beginning of the succeeding RSV
season.

To parameterize the daily rate of vaccination for each group, p;(t), we used state-specific influenza vaccine
coverage estimates (21) (see SI Appendix 2.1). Including vaccination, the transmission model is composed

of the following system of difference equations:
(£~ 1MVt — )

Sk=1,j(®) = Sk=1,j(t = 1) = dj_1Sk=1,j-1 (&t — D) + wyM;(t = 1) — (d; + p; + 4; + p;(t —
D)Sk=1,j(t = 1) + wy (t — 1)SVy—q,;(t — 1),

(®)
Sk=2,j(t) = Sk=z,j(t = 1) = dj_1Si=2j—1(t — 1) — (d; + uj + 0;4; + p;j(t — 1))Sk= ;(t —
1) + WRRj—l(t - 1) + Wy(t - 1)SVk:2J‘(t - 1),
Ri(t) = Ry(t—1) = dj_yRy_y(t = 1) + (1 — ) (T2oy i, (e = D) + ¢ =2t = 1)) —
(dj+uj)Ri(t—1) —wgR;j_1(t—1) —p;(t —DR;(t —1) + wy(t - 1)RV—1(t 1),
MVi(t) —MVi(t — 1) = d;_ MV;_1(t = 1) — (d; + pj + wy + wy (t — 1))MV;(t — 1) +
A =vpp;t —1)MV;(t - 1),
SVk=1‘j(t) - SVk=1‘j(t - 1) = dj_15Vk=1'j_1(t - 1) + WMVMJ(t - 1) - (d] + [.lj + Aj +
Wy (E = 1))SVi=1,;(t — 1) + (1 — vp)p;(t — 1)Sk=1,;(t — 1),
SVkZZ,j(t) - Sszz,j(t - 1) = d]-_lSszzlj_l(t - 1) - (d] + [l] + O']A] + Wy(t -
D)SVi=pj(t = 1) + wgVj_1(t — 1) + (1 —v))p; (£ — 1)Sk—,j(t — 1),
RV;(£) = RV;(t = 1) = dj_1RV;y (t = 1) + (1 — ;) (B3—y iv 4 (e — 1) + av] == (¢ —
1)) = (d; + ;) JRV;(t = 1) = wgRVj_ (t = 1) + vjp;(t = 1) (M;(t = 1) + Sy j (£ — 1) +
Sz (t = 1)) + it — DR;(t — 1) —wy (t — DRV;_; (t — 1),
with a daily number of infected individuals:
ir2y /() = () Sk=1,;(t — 1),
ir22,; () = (1 = @)0;A;(t)Sp=2,j(t — 1),
ll?;o(t) diqif i (t =1+ (A —d; — pp)ig; (t = 1),
aT-=0(t) = aajAj(t)Sk=2‘j(t - 1)‘ (9)

af*°(t) = dj_1a7 5 (t = D)+ (1 = dj — pj)af (t = 1),
vz 1J(t) = Aj(©)SVi=1,j(t — 1),

vz 2J(t) = (1 - a)ojAjSVy—p j(t — 1),



i 0(t) = dj_qivi i, (6 — 1) + (1 = d; — pp)ivi;* (t = 1),
av?zo(t) = a0jAjSVy—p j(t — 1),

av]-”o(t) = d]-_lavz-:ll(t -D+(1-d;— uj)avz-_l(t —-1),

where ivy ;(t) (avy ;(t)) represents for time # the number of individuals from age group j that were

vaccinated and are in their 7 day of infection of type k (i.e. symptomatic or asymptomatic). Similar to the
model with no vaccination, we set:

Mo(8) = Sio(8) = SVio(6) = if,0(8) = @ (6) = fo(0) = avh(®) = Ry() = 0V £k, (10)

The corresponding force of infection is:

2 Pk n
1) =T() [(rIOg[Vk@] —1) ) Coj(1=e(Dl;) (if (1) + i (O ] (11)
Pr=2

£y [(rlog[Va<f>l = 1) ) Coy(1 = Yo (e ) (a5 + avg(t))] .
7=0 e=1

Fig. S1. Transmission model diagram with vaccination. Compartmental diagram of the transmission
model without vaccination (black) and with vaccination (black and blue). Individuals are born into a
maternal immunity compartment M, then transition to the first susceptible compartment S;, where they
can become infected, /;. Following infection, individuals transition to a recovered compartment R, where
they are temporarily protected. Following waning, individuals transition to S, where they can be re-
infected, but with milder infection />, which can be asymptomatic in adults, 4. Each vaccine can be either
efficacious or inefficacious: efficacious vaccines mimics infection by transitioning susceptible



individuals to the Recovered Vaccinated (RV) compartment. Namely, to ensure individuals will not get
vaccinated more than once in a season, 1) susceptible individuals who were efficaciously vaccinated
transition to an RV compartment, whereas susceptible individuals for whom the vaccine was inefficacious
transition to the SV; or SV, compartments, 2) individuals in maternal immunity compartment M, who
were efficaciously vaccinated transition to an RV compartment, whereas individuals in maternal
immunity compartment for whom the vaccine was inefficacious transition to the M}V compartment, and
3) individuals in the recovered compartment R, will move to the RV compartment. At the end of RSV
season, all individuals return to the compatible compartment (i.e. MV to M, SV;to S;, IV; to I;, RV to R).
For clarity of depiction, age classes stratifications are not displayed.



2. Data set and parameters

2.1 Fixed parameters

We parameterized the age-specific contact rates between an infected individual e and their contact j, C j,
using data from a survey of daily contacts collected in eight European countries (22). This contact data
exhibits frequent mixing between similar age groups, moderate mixing between children and adults in their
thirties (likely their parents), and infrequent mixing between other groups. To generate the contact matrix
used in our model, we used the means of each age group over the eight countries. To ensure the matrix is
symmetric and convert between age groups used in the survey to those used in our study, we adjusted the
contact matrix according to the means for reciprocal age group pairings, following Medlock and Galvani
(23). Although US participants were not explicitly included in this survey (22), there was low variability
between the eight European countries, and similar mixing patterns recently observed in Japan (24).

To account for behavior change with disease progression in adults, we used primary individual-level data
(aggregated data was previously presented in (9)), in which 35 volunteers were experimentally infected
with RSV in the US. Severity of RSV symptoms was measured twice daily for two weeks. For each of these
days, we considered that an individual withdrew from social activity if the individual reported that at least
one of the symptoms “stop me from participating in activities”. Thus, we calculated the daily probability
that an individual will withdraw from social interactions 1;(7) by dividing the number of subjects who
changed their behavior by the total number of symptomatic subjects for each day. This procedure yielded
an estimate that an RSV infection led to behavior change for an average of 1.1 days in adults. We smoothed
the data using a low pass filter Kernel, and scaled the results to ensure that the average number of days of
social withdrawal per RSV episode remained 1.1. These patterns of daily behavior and viral load used in
our analysis were also consistent with results from another study that followed 85 individuals infected with
RSV throughout their infection period (25, 26). For children five years and under, we took into account that
an RSV infection has been found to result in 2.3 days of missed daycare (27). We assumed that the timing
of these days of withdrawal from social mixing followed the same profile across days as in adults, consistent
with the observation that viral load is correlated with severity of symptoms in both children (28) and adults
(9, 25).

We estimated the viral load from two clinical studies of the course of RSV infections in young children and
adults (25, 28). Both studies used the same methods of nasal wash collection and viral culture with HEp-2
cells to determine the infectious viral load (29). We parameterized the daily viral load in first infections
from a clinical study that examined 23 hospitalized infants and toddlers until viral shedding ceased, ten of
whom were followed daily (28). The ages of the children ranged from ten days to two years, with a median
age of four months, so that it is likely that the measured RSV infection was their first. The average duration
of shedding was reported to be 6.7 days. Although not all 23 patients had data reported on a daily basis, a
total of 119 daily samples were collected. Using this highly detailed data, we determined the number of
days each of the 23 patients had a measurable viral load with an error that is at most 1.1 days. Based on a
systematic review of observational and experimental studies in young children and adults infected with
RSV (30), as well as similar clinical observations in adults (9, 25, 26), we assumed that there was no
measurable viral load for the first two days following exposure and that if infection lead to hospitalization,
the first day of hospitalization corresponded to the fifth day of infection. For the viral load data on adults,
we converted the data from logio (TCID/mL) to logio (PFU/mL), and evaluated the mean daily viral load
by smoothing the data using a low pass filter Kernel (Fig. S2).

To quantify the daily viral load in symptomatic and asymptomatic subsequent infections, Vj—,(t) and
V, (1), we used primary data from 35 healthy adults who volunteered to be experimentally infected with
RSV in the US (aggregated data were previously reported (9)). Severity of symptoms and viral load were



measured twice daily for two weeks. Among these subjects, at least 19 were symptomatic, and 16
experienced very mild to asymptomatic infection (i.e. reported a “just noticeable symptom” or not
experiencing “any symptom” (25). We evaluated the daily viral load for the two groups in the same way as
for the first infection (Fig. S2 B-C). Our analysis of this primary data demonstrates that mild or
asymptomatic infections are associated with lower viral loads than symptomatic infections. Following
evidence from a study on adult RSV infection (12), we assumed that 16% of the subsequent infections in
individuals five years or under were asymptomatic.

A replicating vaccine may reduce the viral load within the mucosal secretions of a vaccinated individual
who became infected (31), thereby also reducing transmission. In our base case, we assumed that
vaccination would reduce susceptibility, but not the viral load for those infected. We also conducted a
sensitivity analysis of this assumption, where we considered a reduction in viral load of up to 50% for the
individuals vaccinated in that season prior to infection versus those unvaccinated in that season prior to
infection. All other the fixed parameters used in the transmission model are presented in Table S2.

Table S1. Age-specific contact rates between an infected individual e and their contact j, C, ;, based on (22) and
adjusted for age distribution (23).
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Table S2: Fixed parameters used in the transmission model

Parameter Description Value Justification
Transition Parameters
1/wy Average length of maternal immunity 106 days 3)
1/wp Average length of recovered immunity 203 days 4)
a; Probability a subsequent infection is Forj <4, (10)
asymptomatic 0 Forj=>5,
0.16
Force of Infection
Pr=1 Length of first infection 26 days (28)
Pr=2 Length of subsequent infection 13 days 9)
log[V;-1(7)] | Logarithm of viral load on day t during Varies (28)
first infection
log[V,—,(7)] @ Logarithm of viral load on day 7 during Varies 9)
subsequent symptomatic infection
log[V,(7)] Logarithm of viral load on day T during Varies 9,27)
subsequent asymptomatic infection
P (7) Probability of social withdrawal on day ¢ = Varies 9,27)
for age group e
Cej Contact Matrix for susceptible individual | Table S1 (22)
in age group j and infected individual in
age-group e
Vaccination Parameters
V; Vaccine efficacy for age group j 40-80% Broad range
tested
comparable
values with
influenza
(32)
pj(® Rate of vaccination coverage on day ¢ for = Varies (33)

age group j

11



2.2 Calibrated parameters

Case definition

To estimate empirically unknown epidemiological parameters, we calibrated our model to weekly cases of
RSV confirmed by viral isolation, antigen detection or RT PCR between 2010-2014 (34) (Table S3). This
data was collected by National Respiratory and Enteric Virus Surveillance System (NREVSS) by the
Centers for Disease Control and Prevention (CDC) and state health departments in California, Texas,
Pennsylvania, and Colorado.

For children under 5 years, we used a prospective cohort study from Texas to scale the following age-
specific incidences of RSV: 0-5, 6-11 months, 1, 2, 3, and 4 years of age (8). No prospective studies
estimating rates of RSV in children are available in Pennsylvania, Colorado or California. However, given
that in the RSV season, 20—41% of the ILI cases are attributed to RSV infection in children below five (35),
we utilize ILI data in 2010-2014 to evaluate RSV rates in these states. Specifically, we calculated the ratios
between the ILI rates observed during the RSV seasons in children (stratified by ages 0-5, 611 months, 1,
2, 3, and 4) in each of the three states, and the ILI rates observed during the RSV season for the same age
group in Texas. The state-specific RSV rates used in the calibration of our model were calculated as a
product between these quotients and the RSV rates observed in the prospective cohort study from Texas (8).
This evaluation yielded an annual attack rate in children ranging between 30.1% and 62.7%. Regardless of
this high variability, our main results are robust: children under five years were responsible for the majority
of transmission, and that vaccinating this age group is the most efficient and effective strategy to reduce
RSV in both the children as well as adults.

For individuals over five years of age, we used a prospective cohort study in adults to scale incidence of
RSV in all four states. Due to the uncertainty related to the actual incidence in adults, we calibrated our
model parameters for two settings in each state that correspond to the lowest and highest attack rates,
respectively, of RSV seasons observed in adults over five RSV seasons (36). Additionally, following
evidence from a study on adult RSV infection (12), we assumed that 16% of the subsequent infections in
all individuals over five years were asymptomatic, an assumption which was conservative to our main
finding. These evaluations yielded an annual attack rate in individuals over five years ranging between
3.2%, which we considered in our base case and up to 8.3% presented as an alternative analysis of high
transmission setting (Fig. S9 and S10).

Calibration

To calibrate the model to the incidence data (Figure S4 and Figure S5) we minimized the squared error
between model predictions and incidence data. This is equivalent to maximum likelihood estimation
assuming a normal distribution of the error. We conducted this calibration for eight scenarios: to fit model
parameters specific to each of the four US states, as well as for both high and base case transmission settings
(Table S2) using a simulated annealing minimization algorithm, performing 5,000 iterations per scenario.
From biological perspective, we assumed the transmission coefficient (#) should not vary geographically.
Because we used data from a prospective study on RSV in children in Texas (8), we were especially
confident that the attack rates for Texas were accurate. Thus, we first calibrated our model to data from
Texas to estimate » which was also used for the other states. Then, we calibrated the six remaining
parameters for Colorado, Pennsylvania and California.

To determine whether we could further reduce the number of free parameters, we evaluated two other model
structures, both with six parameters. In the first model structure, we aggregated the parameters reflecting
the susceptibility rate of age groups <2 and 2-4. In the second model structure, we aggregated the
parameters reflecting the susceptibility rate of age groups 5—49 and >50. The reason for evaluating these
aggregations was that the weekly incidence of the two age groups composing each of these pairings of age
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groups were more similar to each other than were the weekly incidences of other pairings of age groups.
To rigorously conduct this comparison of model structure, we calibrated parameters estimated for each
model structure and calculated the Akaike Information Criterion (AIC, an information-based criterion for
decisions regarding parameter reduction) in Colorado, Pennsylvania, California, and Texas. We found that
our seven-parameter model yielded a lower AIC than either six-parameter model structure (Table S1).
Because the AIC penalizes for additional parameters less strongly than does the most common alternative
information-based criterion (the Bayesian information criterion or BIC; see(37)), we also calculated the
BIC for each model structure (Table S1). The BIC likewise yielded a lower score for the seven-parameter
model structure, so the criterion used to determine the appropriate model structure does not affect model
structure selected. The transmission model that minimizes both the AIC and BIC included seven parameters
without constraints imposed from previous data: seasonal offset ¢p, seasonal amplitude A4, transmission
coefficient r, susceptibility rates for subsequent infection a;, for individuals in age groups <2, 2-4, 5-49,
and >50 years of age.

Table S3. Maximum likelihood parameter estimates

Parameter Seasonal Seasonal Transmissibility Susceptibility Susceptibility Susceptibility Susceptibility

offset amplitude coefficient in in in in
subsequent subsequent subsequent subsequent
infection infection infection infection
among <2 among 24 among 549  among >50
years years years years
Symbol [0) r T 04 o, 03 Oy

Base case analysis

California 0.271 0.075 1.22 3.940 0.531 0.088 0.250
Texas 0.170 0.098 1.22 3.142 0.521 0.054 0.130
Pennsylvania 0.606 0.119 1.22 3.074 0.619 0.050 0.120
Colorado 0.125 0.081 1.22 3.331 1.053 0.072 0.169

Alternative analysis of high transmission setting

California 0.189 0.061 1.22 3.335 0.550 0.214 0.400
Texas 0.984 0.105 1.22 2.780 0.323 0.091 0.163
Pennsylvania 0.732 0.121 1.22 1.620 0.363 0.111 0.181
Colorado 0.111 0.095 1.22 3.359 0.302 0.117 0.212
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Table S4

Akaike Information Criterion (AIC)

State Scenario 7 parameters 6 parameters 6 parameters
(03 =04) (04 =07)
Texas Base Case —15186 —14782 —14126
California -17624 -17411 -17645
Pennsylvania -15770 —15381 —15098
Colorado -16876 -16850 -16752
Texas Alternative Case —13449 —13275 -13134
California -15661 —15408 -15920
Pennsylvania —-14131 —13789 —13769
Colorado —15524 —15441 —15500
Bayesian Information Criterion (BIC)
State Scenario 7 parameters 6 parameters 6 parameters
(03 = 04) (01 =07)
Texas Base Case —15150 —14751 —14096
California —17588 —17380 -17614
Pennsylvania —15735 —15350 —15068
Colorado —-16841 —16819 —-16721
Texas Alternative Case -13413 —13244 -13103
California —15625 -15377 -15890
Pennsylvania —14095 —13758 —13739
Colorado —15488 -15410 -15469
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Fig. S4. Base case model fit. Time series of recorded weekly RSV cases and model fit to California, Texas,
Colorado, and Pennsylvania (A, C, E, & G). Data and model fit of the age distribution among RSV infections (B,

D, F, & H).
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Fig. S5. Alternative model fit of high transmission setting in adults. Time series of recorded weekly RSV cases
and model fit to California, Texas, Colorado, and Pennsylvania (A, C, E, & G). Data and model fit of the age
distribution among RSV infections (B, D, F, & H).
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3. Calculation of secondary cases generated per infection

We calculated the average number of secondary cases generated per infected individual in each age group
by evaluating the total number of new cases for which members of an age group had been the source of
infection, divided by the total number of infected individuals in that age group (38, 39). Specifically, we
simulated an entire RSV seasons in each US state. Throughout the season, we calculated the daily
probability that an individual within age-group e, and day of infection 1, would be the source of transmission
to individuals from age group j. The probability of infection was calculated as a function of three data-
driven factors, which evolve during the progression of infection: 1) the infectious viral load, 2) the
probability of withdrawal from social activity, and 3) the expected number of contacts between the age
group of the host, n, and the age group of the contact ;.

The normalized probability to transmit from an infected individual with infection of type £, in age group e,
on day of infection 7, to an individual in age group j was:

(r1o8lV @+ _1).(c, () (1 (D)] ) if o (t-1) 11
T BE_ 3Ok (roelik(@+1] —1)(ce,j(t)(1—w,- (r)ﬂe,,-)-iz,e(t—m yr_y 2Ok (Feslva®+_1)c, s (1)-al(t-1)

Pk,j,e,r ® =

For asymptomatic infections, this probability of transmission is given by:

(rlo8lVa®+1l_1)c, (t)-a%(t-1) (12)

Sy By Sk (o k@ 1) (Co (01— ()l )i o (e=1)+ Zi_y 0K (HoEVa®+1 1), (0)-af (e-1)°

Plos(t) =

The number of transmission events g*(t) that occurred on each day of infection, 7, was calculated as a
sum of the probabilities of transmission for all infected individuals on calendar date ¢ to yield:

g5 () = X XelXi=1 Prjer(®) - i ;) + Pl (8) - @) (V)]. (13)

These results were averaged over the RSV season (or over the first month of the RSV season, depending
on the scenario examined), and weighted based on the proportion of the population that was infected on
day ¢:

Z?=1[Ei=1 Lg’](t)+a?(t)] (14)
Xt Z?=1[Ei=1 i,‘g,j(t)+a§.’(t)]'

g =29 ()"

This weighted average, g°, represents the average number of secondary cases per day of infection (Fig.
S7). To evaluate the age-specific average number of secondary infections generated per case (Fig S6 and
Fig. 2, Main Text), we considered five age groups: <5 years of age (e = {1,2,3,4}), 5-24 (e = {5}), 25-49
e ={6}), and >50 (e = {7,8}). In Eq. (13), we summed the daily infections over the entire infectious
period, ¢y, , for each age group.
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4. Additional results

Fig. S6. Age-specific average number of secondary infections generated per case
for California (A & E) and Texas (B & F), Pennsylvania (C & G) and Colorado (D
&H). Each row identifies an age group that can be a source of infection. Each column
identifies an age group that can be infected. The color at the intersection of the row and
column indicates the number of secondary infections attributed to a single infective case.
The average number of secondary cases from the source age group is tabulated in the

Ago group of Infected individual Age group of infected individual Age group of infected individual
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Cases generated per infected individual
<Sy  S-24y  25-4%y SOy Total

“ . -

S-24y .21

25-49y 077

S0ey 053
California (Whole season)

Cases generated per infected individual

<Sy 524y  25-49y  SOsy Total
“ . L”
S-24y 1.00
25-49y 0.70
S0vy 052
Pennsylvania (Whole season)

Cases generated per infected individual
<Sy  S-24y 25-49%y SOy Total

“ . =
com . -

25-49y 112

S0ey 075

California (First month)

Cases generated per infected individual

<Sy S-24y  25-49y SOy Total
-0 -
5-24y . 145
25-49y 097
S04y 0.70

Pennsylvania (First month)

Age group of infected individual Age group of infected individual Age group of infected individual

Age group of infected individual

Cases generated per infected individual

<Sy 5-24y 25-49y  SOey Total
“ . "
5-24y 0.98
25-49y 065
S0ey 043
Texas (Whole season)

Cases generated per infected individual
<5y S-24y 2549y S0y Total

“ . "

5-24y 1.04

25-49y 0.70

504y 049
Colorado (Whole season)

Cases generated per infected individual
<Sy  5-24y 25-4%y SOy Total

“ . “

Texas (First month)

Cases generated per infected individual
<5y 5-24y  25-49y SOy Total

“ . “

25-49y 096

S0sy 066

Colorado (First month)

05

18



rightmost column of each panel. Model predictions are shown for the entire RSV season
(A, B, C & D) and for the first month of the season (E, F, G & H).

A Symponts California B —— Texas
04 onset 4 onset
. n <Syears H n <5years
» : - P : i
L 803 : » 5-49 years >303 : » 5-49 years
S 0 : 50+ years z 3 50+ years
T > p T >
£ 802 c 802
g2 g2
= 14 = o
o o
» 0.1 ® 0.1
0.0 - . - 0.0 - - .
0 5 10 15 20 25 0 5 10 15 20
Days since exposure Days since exposure

Fig. S7. Age-stratified mean daily number of secondary cases in (A) California, (B) Texas. Similar trends

have been observed in Pennsylvania, and Colorado.
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Fig. S9. Per-dose vaccine efficiency in alternative model setting of high transmission in adults. Model
predictions of RSV cases averted per vaccinated individual in California, Texas, Pennsylvania, and
Colorado, assuming a vaccination efficacy of 80% (A & B), 60% (C & D), and 40% (E & F). Here, no reduction
in viral load is assumed for vaccinated individuals who became infected. Cases averted are tallied for the two at-
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Fig. S11. Model predictions of RSV cases averted per vaccinated individual in California, Texas,
Pennsylvania, and Colorado, assuming vaccine efficacies of 80% (A & B), 60% (C & D), and 40% (E & F).
Here, 50% reduction in viral load is assumed for vaccinated individuals who became infected during the same RSV

season. Cases averted are tallied for the two at-risk age groups: individuals below five years (A, C & E), and
individuals fifty years and above (B, D & F).
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Fig. S12. Model predictions of proportion reduction in RSV cases in California, Texas, Pennsylvania, and
Colorado, assuming vaccine efficacies of 80% (A & B), 60% (C & D), and 40% (E & F). Here, 50% reduction
in viral load was assumed for vaccinated individuals who became infected during the same RSV season. Cases
averted are tallied for the two at-risk age groups: individuals below five years (A, C & E), and individuals fifty
years and above (B, D & F)
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5. Model and simulation analysis code in Mathematica 10

runModel[¢ , F , r , sigmaBaby , sigmaChild , sigmaAdult , sigmaOld ] := Module[

{A, 1, va, vi, a, egS, egM, o, eqP, eqIl, eqA, expr,
eqns, initcon, out, t, eqR, eqVS, eqVI, eqVA, eqVR, eqVM},

(*sigmasx*)

Table[cj = sigmaBaby, {j, 1, 3}];
Table[o; = sigmaChild, {j, 4, 4}];
Table[aj = sigmaAdult, {j, 5, 6}];
Table[oj = sigmaOld, {3j, 7, agegroup}] ;

Table[xj =Max[o, (F+F#*Cos[2*N[n] * (t-¢) / 365.242]) *
(Z:;l Z‘:‘:’:Qmp (ContactI[[w+1, 3, h]] % (eqly p  [t-1] % (£ (vy[[w+1]]) -1) +
eqVI; , ,[t-1]1 % (x* (y*vi[[w+1]]1)-1))) +
Z:ol Z:_’jgm“p (ContactI[[y+1, 3, h]] * (eql,, ,[t-1]
(x™ (v2[[y+1]]1) -1) +eqVI; p ([t-1] % (x" (y*xVv2[[y+1]]) -1)) +
ContactA[[3, h]] * (eqhy y[t-1] % (x* (vally+1]1]) -1) +

eqVA, y[t-1] + (% (y*vally+111) -1))))],

{3, 1, 8}];
eqgns = Flatten[{

Table [eqM, [t] = eqM;[t-1] +A;/n+d;y 1 *xeqMy ;[t-1] -
(dy+us+wy+xs[t-1]) xeqMy[t-1] +wy[t-1] xeqVM[t-1], {j, 1, 8}],

Table[eqS; ;[t] = eqS; j[t-1] +dj1*eqS; 5.1[t-1]- (ds+us+A5+x5[t-1]) *
eqS; y[t-1] +wy*eqM[t-1] +wy[t-1] xeqVs, 5[t-1], {j, 1, 8}],

Table[eqS, ;[t] = eqS, ;[t-1] +dy1*xeqS; 51 [t-1]- (dy+ps+05% A5+ x3[t-1]) *
eqSZ,j[t—l] +wR*equ[t-1] +wy[t-1] xeqVs, 5[t-1] =Ll 8 my £3» Ly 8}],

Table[qulrjlo[t] = AyxeqS; ;[t-1]+1/(2%8)/n, {3, 1, agegroup}] ,
Table[qul,j,m[t] = (1-p3-d;) xeqly 5 n1lt-1]+ds1*xeqly 51 na[t-1],
{j, 1, agegroup}, {m, 1, t; -1}],

Table[quz,j,o[t] =
A;* o3 (L-a[[j]]) xeqS, 5[t-11+1/(2%8) /n, {j, 1, agegroup}],
Table[eqI, 5 n[t] = (1-43-d;) xeqly 5 nilt-1]+ds1%eqly 53 nalt-1],
{jl 1/ agegroup}/ {ml 11 ’Cz-l}],
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Table[qujlo[t] = Ay*xo3*xa[[j]] xeqS, 5[t-1], {3, 1, agegroup}] ;
Table[eqA; ,[t] = (1-py-d;) xeqhy o [t-1] +ds 1 *eqhsy n1[t-1],

J,m-

{jl 1r agegroup}/ {ml 1 t2-1}] ’

Table[equ[t] =
eqR;[t-1] - (ds+u;) xeqRs[t-1] ~wp*xeqRs[t-1] +ds 3 xeqR; ;[t-1] +
(1-wus5-d5) * (eqIy g, -1[t-11+eqly 5 ;g [t-1] +eqhy o, [t-1]) +
dy.1x (eqly y1,¢-1[t-11+eqly 5 o, a[t-1] +eqhy; o, g[t-1]) +
wy[t-1] xeqVRy[t-1], {j, 1, agegroup}] r

Table [eqVM, [t] = eqVM;[t-1] +d;s; *xeqVMy ;[t-1] - (dj+pu;+wy) xeqVM[t-1] +
x5[t-1] % (l-pj) xegM;[t-1] -wy[t-1] xeqVMy[t-1], {], 1, agegroup}],

Table[quSllj[t] = eqVS, j[t-1] +wy*eqVMy[t-1]+
dy.1*eqVS; 53 [t-1] +x35[t-1]1 % (1-p;) xeqS; s[t-1] -
(dj +Uy+wy[t-1] +)Lj) *eqVs, y[t-11, {3, 1, agegroup}] i

Table[quSzlj[t] —
eqVs, s[t-1] +ds1 xeqVS, 5 ;[t-1] - (dy+uy+wy[t-1] + 05 % A3) xeqVs, j[t-1] +
x;[t-1] * (1—pj) *eqgS, ;[t-1] +wr*eqVRy[t-1], {], 1, agegroup}] .

Table[quIlljlo[t] = A3;xeqVS; 5[t-1], {3, 1, agegroup}] 7
Table[quIl,j,m[t] = (l-uj -dj) *eqVI; 5, 4[t-1] +d5 3 %eqVI; 54 5 1[t-1],
{jl 11 agegroup}: {m/ 11 tl_l}] ’

Table[eqVI, ; o[t] = (1-a[[j]]) * 03 * A3 *eqVS, ,[t-1], {j, 1, agegroup}],
Table[eqVI, j o[t] = (1-p3-d;) xeqVI, 5 ni[t-1]+ds1%eqVl, 5 o[t-1],
{jl 1: agegroup}, {ml 11 t2_1]'] ’

Table[quAj,o[t] = a[[J]] xo5xA3*xeqVS, ;[t-1], {j, 1, agegroup}] .
Table[eqVA; ,[t] = (1-ps-d;) xeqVA, ,  [t-1] +d;y 1 *xeqVA, ; . ,[t-1],

{jr 1: agegroup}r {ml 11 t2'1}]r

Table [eqVR, [t] =
eqVR;[t-1] - (ds+ s +wy[t-1] +wg) xeqVRy[t-1] +d;_; xeqVRy ;[t-1] +
(L-p3-ds) » (eqVIy 5, 1[t-1] +eqVI, 5 ., 1[t-1] +eqVA; ,, ;[t-1]) +

dy1* (eqVI; 54 . 1[t-11+eqVI, 5, . i[t-1]+eqVA,; _ ,[t-1])+
(x5[t-1]1%ps) » (eaM;[t-1] +eqS; 5[t-1] +eqS, 5[t-1]), {j, 1, agegroup}]

H

initcon = {



Table|
eqM;[0] = {(n0y/n-.0001)/2,0,0,0,0,0,0,0}[[3]1], {3, 1, agegroup}],
Table|[egS; ;[0] = {(n0;/n-.0001) /2, n0,/ (n) - .0001,

(n03 /= .0001) 42,0, 0,0,0,0¥[[311., 493, 1, agegroup}],
Table[egS, ;[0] = {0.00000, 0.00000, (n03/n-.0001) /2,

n04/ (n) - .0001, n0s/ (n) - .0001, nOg/ (n) - .0001,

n07/ (n) - .0001, n0g/ (n) - .0001}[[3]1, {3, 1, agegroup}] ;
Table[Table[eql; j ,[0] = ({.0001, .0001, 0, 0, 0, 0, 0, 0}/ 1) [[j]],

3.1, agegroup}], {m, O, tl-l}],

Table[Table[eqIl, ; ,[0] = ({0, 0, (1-a[[3j]]) * .0001, (1-a[[j]]) = .0001,
(1-a[[j]]) * .0001, (1-a[[j]]) * .0001, (1-a[[3j]]) » .0001,
(L-a[[3]]) * .0001} / T2) [[11, {3, 1, agegroup}], {m, O, t,-1}],

Table [Table[eqA; ,[0] = ({0, 0, a[[j]] * .0001, a[[j]] * .0001,

a[[3]1] * -0001, a[[j]] * .0001, a[[]1] * .0001, a[[j]] * .0001} / T2) [[
311, {3, 1, agegroup}], {m, 0, t2-1}],

Table[equ[O] = {0510, 0,0, 0,:0,; 0, 0}[[311.; 43 L, agegroup}],

Table[eqVS,; 5[0] = {0,0,0,0,0,0,0,0}[([3j]], {j, 1, agegroup}],

Table[eqVS, ;[0] = {0, 0,0,0,0,0,0, 0}[[j]1], {j, 1, agegroup}],

Table[Table [eqVI; ; ,[0] = ({0, 0, 0,0,0,0,0,0}/1t)[[3]],

{j, 1, agegroup}], {m, 0, 7, -1}],
Table [Table [eqVI, ; ,[0] = ({0, 0,0,0,0,0,0,0}/t)[[3]],
{j, 1, agegroup}|, {m, 0, t;-1}],
Table [Table [eqVA; ,[0] = ({0, 0,0,0,0,0,0,0}/tp)[[j]],
{3 L, agegroup}] 7 {m; 0, tz—l}] 7
Table[eqVR,[0] = {0, 0,0, 0,0,0,0, 0}[[3j]], {j, 1, agegroup}],
Table [eqVM,[0] = {0, 0, 0,0,0,0,0, 0}[[3]1], {j, 1, agegroup}]

}:

expr = Flatten [Transpose [Table [Flatten [ {
eqM;, eqS; ;, €dS; 5, Table[qullj,m, {m, 0, t; - 1}] ;
Table[quzljlm, {m, 0, t5 - 1}] i Table[quj,m, {m, 0, T5- 1}] ;
eqRy, eqVs, 5, eqVs, j, Table[quIllj'm, {m, 0, t; - 1}] .

Table[quIzlj,m, {m, 0, To- 1}] i Table[quAj,m, {m, 0, T2 - 1}] , €qVRy, eqVMy

}] i L3 Ly agegroup}]]];

out = Transpose [RecurrenceTable [
Flatten[{egns, initcon}], expr, {t, 0, Round[years x 365.242]}]]

(*Model simulations =)

years = 15; (xHow long the model should run forx)

burnInYearsForVacc = 5;
(* note- burning should be similar in the paramter setting as well!!! x)

J



¥ =0.5;
transmission = 0;
While [transmission &l {transmission = transmission+ 1;
state = 0;
Print[ "wait for a while- transmission"];
While[ state < 4, { state = state+1;
(* 1 = CALIFORIA, 2 = TEXAS, 3 = PENNSYLVANIA, 4 = COLORADO x)
(¥kids 0-5 x)
setDemographics [state] ;
setVaccRate[state] ;
setWane;
Varate =0.2;
Vnum = 0;
{p1, P2, P3, P4, P5, P&, P7, Pg} ={0,0,0,0,0,0,0,0};
output = runModel @@ setting[[state]] [[transmission]];
outputForAnalysis = Table[Total [output[[1 ;; -2]]][[
i, burnInYearsForVacc*365+1 ;; -1]1], {1, 1, agegroup}];
totalinfection[1l] [1] [Vnum] [state] [transmission] = Total [Table|[
Total [outputForAnalysis[[1]]], {1, 1, 4}]]; (* i- poulation vaccinated,
j- poulation affected - kids/elderly, k- vaccination scenario *)
totalinfection[1l] [2] [Vnum] [state] [transmission] =
Total [Table[Total [outputForAnalysis[[i]]], {1, 7, 8}1]~;
Print[ "wait for a while state"];

(* kids «*)
While[ Varate < 0.8, {

Varate = Varate +0.1; Vnum = Vnum + 1;
{pP1, P2, P3, P&, Ps, Ps, P71, Pg} = {0, Varate, Varate, Varate, 0, 0, 0, 0};

Table[x;[t-1] =0, {t, 1, stopT - startT+1}, {j, 5, 8}];

output = runModel @@ setting[[state]] [[transmission]];
outputForAnalysis = Table[Total[output[[1 ;; -2]]]1[[
i, burnInYearsForVacc*365+1 ;; -1]], {1, 1, agegroup}];
totalinfection[1l] [1] [Vnum] [state] [transmission] =
Total [Table[Total [outputForAnalysis[[i]]], {1, 1, 4}]1]1:
(* i- poulation vaccinated, j- poulation affected - kids/elderly,
k- vaccination scenario =)
totalinfection[1l] [2] [Vnum] [state] [transmission] =
Total [Table[Total [outputForAnalysis[[i]]], {i, 7, 8}]1:
Print[ "wait for a while vaccination rate'"] ;}];
(#* end kids vaccinated 0-5%)
Varate = 0.2;
Vnum = 0;

(*» Teens x)
W'hile[ Varate < 0.8, {

o0



setVaccRate[state] ;
Table[x;[t-1] =0, {t, 1, stopT-startT+1}, {j, 1, 4}];
Table[x;[t-1] =0, {t, 1, stopT - startT+1}, {j, 6, 8}];

Varate = Varate+0.1; Vnum = Vnum + 1;
{pP1, P2, P3, P4, Ps, P6, P7, Pg} = {0, 0, 0, O, Varate, 0, O, O};
output = runModel @@ setting[[state]] [[transmission]];
outputForAnalysis = Table[Total[output[[1l ;; -2]]1][[
i, burnInYearsForVacc*365+1 ;; -1]], {i, 1, agegroup}];

totalinfection[2] [1] [Vnum] [state] [transmission] =

Total [Table[Total [outputForAnalysis[[1]]], {1, 1, 4}1];
(¥ i- poulation vaccinated, j- poulation affected - kids/elderly,
k- vaccination scenario *)
totalinfection[2] [2] [Vnum] [state] [transmission] =

Total [Table[Total [outputForAnalysis[[i]]], {1, 7, 8}1] }] ;

(* end 5-25 vaccinated x)

Varate = 0.2;
Vnum = 0; (% adults x)
While[Varate< 0.8, {

setVaccRate[state] ;
Table[x;[t-1] =0, {t, 1, stopT-startT+1}, {j, 1, 5}];
Table[x;[t-1] =0, {t, 1, stopT - startT+1}, {j, 7, 8}];

Varate = Varate +0.1; Vnum = Vnum + 1;
{pP1, P2, P3, P4, P5, P&, P7, Pg} = {0, 0, 0, 0, 0, Varate, 0, 0};
output = runModel @@ setting[[state]] [[transmission]];
outputForAnalysis = Table[Total[output[[1 ;; -2]]1][[
i, burnInYearsForVacc*365+1 ;; -1]], {i, 1, agegroup}]:

totalinfection[3] [1] [Vnum] [state] [transmission] =

Total [Table[Total [outputForAnalysis[[1]]], {i, 1, 4}]1]:
(* 1- poulation vaccinated, j- poulation affected - kids/elderly,
k- vaccination scenario x)
totalinfection[3] [2] [Vnum] [state] [transmission] =

Total [Table[Total [outputForAnalysis[[i]]], {1, 7, 8}1] ,}] ;

Varate =0.2;
Vnum = 0; (xelderly =x)
While[ Varate < 0.8, {

setVaccRate[state] ;
Table[x;[t-1] =0, {t, 1, stopT - startT+1}, {j, 1, 6}];

Varate = Varate+0.1; Vnum = Vnum + 1;

{pP1, P2, P3, P4, P5, P6, P7, Pg} = {0, 0,0, 0, 0, 0, Varate, Varate};
output = runModel @@ setting[[state]] [[transmission]];



outputForAnalysis = Table[Total[output[[1 ;; -2]]1]1[[
i, burnInYearsForVacc*365+1 ;; -1]], {i, 1, agegroup}];

totalinfection[4] [1] [Vnum] [state] [transmission] =

Total [Table[Total [outputForAnalysis[[i]]], {i, 1, 4}]1]~;

(* 1- poulation vaccinated, j- poulation affected - kids/elderly,
k- vaccination scenario =)
totalinfection[4] [2] [Vnum] [state] [transmission] =

Total [Table[Total [outputForAnalysis[[i]]], {i, 7, 8}]] ,}] ;

Varate =0.2;
Vnum = 0; (% all x)
While[ Varate < 0.8, {
setVaccRate[state] ;
Varate = Varate +0.1; Vnum = Vnum + 1;
{P1, P2, P3, P4, P5, Pe, P71, P8} =
{Varate, Varate, Varate, Varate, Varate, Varate, Varate, Varate};
output = runModel @@ setting[[state]] [[transmission]];
outputForAnalysis = Table[Total [output[[1l ;; -2]]]1[[
i, burnInYearsForVacc*365+1 ;; -1]], {i, 1, agegroup}];
totalinfection[5] [1] [Vnum] [state] [transmission] =
Total [Table[Total [outputForAnalysis[[1i]]], {i, 1, 4}]1]~
(* i- poulation vaccinated, j- poulation affected - kids/elderly,
k- vaccination scenario %)
totalinfection[5] [2] [Vnum] [state] [transmission] =
Total [Table[Total [outputForAnalysis[[1]]], {i, 7, 8}1]1:}]1;
}] }] ; // Timing

TInew = Table[totalinfection[q] [1] [w] []] [k],
{q/ 1/ 5}I{il 1/ 2}[ {wl 1! 6}/ {jlll 4}I{kl 1/ 1}];
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